Abstract. The synergistic impacts of non-native grass invasion and frequent human-derived wildfires threaten endangered species, native ecosystems and developed land throughout the tropics. Fire behaviour models assist in fire prevention and management, but current models do not accurately predict fire in tropical ecosystems. Specifically, current models poorly predict fuel moisture, a key driver of fire behaviour. To address this limitation, we developed empirical models to predict fuel moisture in non-native tropical grasslands dominated by Megathyrsus maximus in Hawaii from Terra Moderate-Resolution Imaging Spectroradiometer (MODIS)-based vegetation indices. Best-performing MODISbased predictive models for live fuel moisture included the two-band Enhanced Vegetation Index (EVI2) and Normalized Difference Vegetation Index (NDVI). Live fuel moisture models had modest (R 2 ¼ 0.46) predictive relationships, and outperformed the commonly used National Fire Danger Rating System (R 2 ¼ 0.37) and the Keetch-Byram Drought Index (R 2 ¼ 0.06). Dead fuel moisture was also best predicted by a model including EVI2 and NDVI, but predictive capacity was low (R 2 ¼ 0.19). Site-specific models improved model fit for live fuel moisture (R 2 ¼ 0.61), but limited extrapolation. Better predictions of fuel moisture will improve fire management in tropical ecosystems dominated by this widespread and problematic non-native grass.
Introduction
Invasive species are a leading cause of biodiversity loss (Vitousek et al. 1987; Brooks et al. 2004) . Many non-native invaders, particularly non-native grasses, promote more frequent and intense fire regimes, and the synergistic interactions of fire and invasive grasses pose serious threats to the biological integrity and sustainability of tropical ecosystems worldwide (Foxcroft et al. 2010; Miller et al. 2010; Pyšek et al. 2012) . The invasive grass-fire cycle -a positive feedback between frequent anthropogenic fire and non-native grass invasion -is now a reality in many landscapes formerly occupied by woody plant communities. This feedback has dramatically increased fire frequencies, often with severe consequences for native plant assemblages (D'Antonio and Vitousek 1992) . This scenario is particularly evident in areas dominated by guinea grass (Megathyrsus maximus [Jacq.], previously Panicum maximum and Urochloa maxima [Jacq.]) throughout the tropics (Ellsworth et al. 2014) .
Fire risk and behaviour modelling tools such as BehavePlus (Andrews et al. 2005) were developed to simulate fire potential and behaviour and to assist in predicting fire danger ratings, thereby providing fire managers with a suite of decision-making and prevention tools. The predictive capability of these models, however, depends largely on the accuracy of input variables such as fine fuel loads and fuel moisture, along with a suite of microclimate variables, all of which change rapidly over short temporal and spatial scales (Ellsworth et al. 2013) . The field method most commonly used for quantifying fuel moisture, a critical driver of fire occurrence and behaviour, is fairly straightforward. The user simply calculates the ratio of the fresh weight to dry weight of plant material collected in situ. However, this method is time-and labour-intensive, and provides fuel moisture for only a snapshot in time. Fire management is improved when fuel moisture can be estimated using remotely sensed data, as has been done for a variety of vegetation types (Chuvieco et al. 2002; Caccamo et al. 2012) , but the relationships derived are region-specific. Chuvieco et al. (2002) used imagery from the Landsat Thematic Mapper (TM) to estimate fuel moisture content in live Mediterranean fuels, and found a strong relationship between short-wave infrared (SWIR) reflectance and live fuel moisture (LFM) content for grassland (R 2 ¼ 0.84) and shrubland (R 2 ¼ 0.74) ecosystems. Although these relationships highlight the potential for predicting LFM from remotely sensed imagery, the temporal resolution (16 days) of a medium-spatial-resolution (i.e. 30 m) sensor such as TM or the Landsat 8 Operational Land Imager may be too infrequent for field-based fine fuel moisture prediction and fire planning. Terra Moderate-Resolution Imaging Spectroradiometer (MODIS) imagery has a daily temporal resolution, and an 8-day composite product, which may be more practical for informing fire prevention and management activities. Hao and Qu (2007) described models for predicting LFM from reflectance signatures in MODIS bands 1-7, and demonstrated high correlation between predicted and estimated LFM content (R 2 ¼ 0.77) across several ecosystem types in Georgia, USA. Caccamo et al. (2012) evaluated the use of vegetation indices derived from MODIS imagery to monitor fuel moisture in shrubland, heathland and sclerophyllous forest ecosystems in south-eastern Australia. In these ecosystems dominated by woody plants, they found that the MODIS-derived vegetation indices had far stronger relationships with fuel moisture (R 2 ¼ 0.69) than the previously used Keetch-Byram drought index (KBDI; R 2 ¼ 0.15). Vegetation indices derived from MODIS such as the Normalized Difference Vegetation Index (NDVI), Enhanced Vegetation Index (EVI) and others (Table 1) have been successful at relating spectral signatures to vegetation properties (e.g. cover, phenology and composition) for a wide range of remote-sensing applications because chlorophylls a and b in green vegetation strongly absorb light in the red region of the electromagnetic spectrum, and plant cell walls strongly reflect light in the near-infrared region (Glenn et al. 2008; Huete et al. 2009 ). Vegetation indices derived from satellite data, therefore, are good indices of canopy greenness, as well as vegetation moisture content (Chuvieco et al. 2002; Chuvieco et al. 2004) . Remotely sensed MODIS products are available from the NASA Earth Observing System Data and Information System (http://reverb.echo.nasa.gov, accessed 1 July 2016). Eight-day composite reflectance values are available at 250-m spatial resolution, as well as 16-day preprocessed EVI and NDVI composites (also 250-m spatial resolution). These preprocessed and easily accessible indices may be valuable tools for land managers for prediction of time-and site-specific fuel moisture content.
Remotely sensed tools for predicting live and dead fuel moisture have not been tested in Hawaii (Beavers 2001) , making it uncertain whether they have potential to improve prediction of fuel moisture content. The National Fire Danger Rating System (NFDRS) is most commonly used in Hawaii as a tool to assess the potential for fire ignition, spread and difficulty of control. This index is based on the relationships between on-site fuels, weather and topography, and is calculated for each station within the Remote Automated Weather Station (RAWS) network (Schlobohm and Brain 2002) . Live and dead (1-h) fuel moistures are calculated as intermediates in the NFDRS and can be obtained for any weather station in the network.
The KBDI is a meteorological index designed for predicting fire potential, and is based on the cumulative moisture deficiency in the upper layers of the soil profile (Keetch and Byram 1968) . Although used widely for fire potential prediction, KBDI has been shown to be a poor to moderate predictor of fuel moisture content (Dimitrakopoulos and Bemmerzouk 2003; Pellizzaro et al. 2007; Caccamo et al. 2012) . KBDI is used more informally to assess longer-term drying trends (A. Beavers, pers. comm.) , typically in conjunction with the NFDRS.
The primary objective of the present research was to evaluate the potential of vegetation indices derived from remotely sensed MODIS data to accurately predict live and dead fuel moistures in a tropical grassland dominated by guinea grass. Specific hypotheses included: (i) there will be stronger relationships between vegetation indices derived from MODIS imagery and in situ LFM content than currently used NFDRS or KBDI predictions because vegetation indices give a measure of vegetation greenness that, in turn, is correlated with moisture content (Chuvieco et al. 2002; Chuvieco et al. 2004; Yebra et al. 2008) ; (ii) vegetation indices will also predict dead fuel moisture content because live and dead fuel moisture both change with changing weather patterns (Ellsworth 2012; Ellsworth et al. 2013) ; (iii) EVI will be a stronger predictor of fuel moisture than other vegetation indices in this dense grass type because EVI performs well in areas of high biomass (Huete et al. 2002) ; and (iv) 8-day MODIS composites will show stronger predictive relationships with in situ fuel moisture than 16-day composites, as fuel moisture can change rapidly within a site over a short time period, particularly following precipitation events (Ellsworth et al. 2013) . To test these hypotheses, we collected in situ live and dead fuel moisture content from three guinea grass-dominated ecosystems once every 2 weeks for 1 year on the island of Oahu, Hawaii, USA, and examined relationships between in situ data and vegetation indices derived from MODIS reflectance data.
Methods
In situ fuel moisture data collection Field fuel moisture samples were collected once every other week from October 2009 to October 2010 in guinea grassdominated ecosystems at Schofield Barracks, Yokohama State Park and Dillingham Ranch on the island of Oahu, Hawaii, USA (Fig. 1 ). All sites were dominated by guinea grass with some invasive Leucaena leucocephala (Lam.) de Wit in the overstorey. Dillingham Ranch is located 5 m above sea level (asl), with a mean annual precipitation (MAP) of 851 mm (Giambelluca et al. 2013 ) and mean annual temperature (MAT) of 248C (Giambelluca et al. 2014) . Soils at Dillingham Ranch are in the Kawaihapai series (fine-loamy, mixed, superactive, isohyperthermic Cumulic Haplustolls), which are well-drained soils formed in alluvium derived from basic igneous rock. At Schofield Barracks (297 m asl; MAP 1000 mm; MAT 228C), soils are in the Kunia series (fine, parasesquic, isohyperthermic Oxic Dystrustepts), which formed in alluvium weathered from basalt rock. At Yokohama (7 m asl; MAP 850 mm; MAT 248C), soils are in the Lualualei series, (fine, smectitic, isohyperthermic Typic Gypsitorrerts) formed in alluvium and colluvium from basalt and volcanic ash (Ellsworth 2012) .
On the first sampling date in October 2009, a single 50-m transect was established at each site. Because the study sites are large, continuous near-monocultures of invasive grass, we assumed that the estimates obtained from transects were representative of larger areas (i.e. a 250-m MODIS pixel). Starting at the 0-m mark of each transect, biomass of all non-woody plant material occurring in a 25 Â 50-cm plot was clipped at the soil surface every 10 m along the transects (n ¼ 6 per transect). Samples were transported in a cooler on ice packs, taken back to the laboratory and separated into live and dead herbaceous vegetation within 5 h. Samples were weighed, dried in a forced-air oven at 708C to a constant mass and reweighed. Fuel moisture was then calculated as the ratio of the fresh weight to the dry weight of the plant material, expressed as a percentage. Subsequent weeks' sampling occurred on parallel transects, with each sampling transect offset from the prior sampling transect by 1 m.
MODIS data acquisition and processing
MODIS data products were acquired from the NASA Earth Observing System Data and Information System (http://reverb. echo.nasa.gov/reverb/, accessed 1 July 2016) for all dates encompassing in situ sampling. The datasets used in our analyses included the following: Surface Reflectance 8-day Global L3 Global 250 m (MOD09Q1) and Vegetation Indices 16-day L3 Global 250 m (MOD13Q1). Each data product was available in the sinusoidal projection. We used the MODIS Reprojection Tool (NASA Land Processes Distributed Active Archive Center (LP DAAC), United States Geological Survey/Earth Resources Observation and Science (EROS) Center, Sioux Falls, SD) to project the data into the Universal Transverse Mercator projection zone 4 on the North American Datum 1983. ENVI 4.5 (Exelis Visual Information Solutions, Boulder, CO) was used to reformat the data into a multidate image cube and create a temporal profile of reflectances for each band at each study site location.
Vegetation indices
Vegetation indices that have been previously shown to be good predictors of fuel moisture -including NDVI, EVI and EVI2 (a two-band Enhanced Vegetation Index) (Chuvieco et al. 2002; Huete et al. 2009 ) -were calculated for 8-day reflectance values for the entire 1-year study period. For all calculations, bands 1 (red) and 2 (near-infrared) had a 250-m spatial resolution, and band 3 (blue) had a 500-m spatial resolution. The 16-day NDVI and EVI vegetation index products (250 m) were also obtained, as well as 8-day composite reflectance values for bands 1-3. NDVI and EVI2 use only bands 1-2 (250-m resolution). The MODIS algorithm for calculating EVI additionally uses the 500-m-resolution blue band (band 3) to correct for atmospheric effects, with negligible spatial effects (Huete et al. 2002) . 
Statistical analysis
Pearson correlation coefficients were calculated with all sites pooled to describe the strength of the relationship between each 8-day and 16-day vegetation index with the corresponding date's field-based live and dead fuel moisture. All significant correlations were further examined individually and in combination using backwards stepwise linear regression models to identify the strongest MODIS-based predictor variable(s) for in situ live and dead fuel moisture for each temporal scale (8-day and 16-day). Model strength was determined among candidate models using predictive R 2 values, plots of residuals and F-statistics. Similarly, the ability of WIMS-calculated KBDI and fuel moisture (live and dead) to predict in situ fuel moisture was examined using backwards stepwise linear regression. Finally, the best predictor variables for both MODIS-based and WIMS-based models were evaluated in hybrid models (containing both MODIS and WIMS components) to determine the strongest predictive relationships between all available fuel moisture predictors and in situ live and dead fuel moisture at each temporal scale (8-or 16-day). We were most interested in a general model that accurately predicts live and dead fuel moisture across the range of guinea grass ecosystems sampled. However, because these non-native, invasive guinea grass ecosystems are high-fire-risk areas, we also evaluated the inclusion of a site term in the best predictor model to see if there was greater capacity to accurately predict fuel moisture when accounting for the inherent variability in the data across multiple study sites (Ellsworth 2012) .
Results

In situ fuel moisture
Live and dead fuel moistures were dynamic throughout the sampling period, ranging from 45 to 294% and 6 to 49% respectively, sometimes changing drastically between sampling dates (Fig. 2) . Dead fuels were almost always below the moisture of extinction (40%), indicating that they would burn at any time of the year given an ignition source (Beavers 2001) . Schofield, which had the highest MAP, generally had the highest live and dead fuel moisture values of all sites, and LFM at this site never dropped below 122%. In contrast, the Dillingham and Yokohama sites, which are located at lower elevations and lower MAP, had frequent periods where LFM dropped well below 100%. Seasonal patterns were similar across all sites, with highest fuel moistures in the winter months, and periods of low fuel moisture in the drier summer and fall (autumn) months (Fig. 2) .
MODIS-based fuel moisture correlations
Vegetation indices calculated from 8-day composite MODIS data showed seasonal patterns in vegetation greenness (Fig. 3) , and EVI, NDVI and EVI2 all had significant relationships with live and dead fuel moisture (P , 0.01; Table 2 ). EVI had the strongest relationship with LFM (r ¼ 0.399; P , 0.001), whereas EVI2 had a stronger relationship with dead fuel moisture components (r ¼ 0.379; P , 0.001). Sixteen-day composite MODIS vegetation index products were positively and linearly correlated with live and dead fuel moisture (Table 2) . NDVI had the strongest relationship with LFM (r ¼ 0.462; P , 0.001), and EVI2 had stronger correlations with dead (r ¼ 0.450; P , 0.001) fuel moisture. 
MODIS-based fuel moisture models
Empirical models were derived from the MODIS-based vegetation indices (EVI, EVI2 and NDVI) for predicting fuel moisture at each temporal scale (Tables 3-4 ). The best relationships using 8-day composite data for both live (R 2 ¼ 0.20; R 2 pred ¼ 0.15; P , 0.001, where R 2 pred is predicted R 2 ) and dead (R 2 ¼ 0.14; R 2 pred ¼ 0.06; P ¼ 0.001) fuel moisture contained both EVI and NDVI (Tables 3-4) . Sixteen-day composite indices had the strongest relationships with both live and dead fuel moisture of all the MODIS-based models examined. Best MODIS-based predictive models for both live (R 2 ¼ 0.46; R 2 pred ¼ 0.40; P , 0.001) and dead fuel moisture (R 2 ¼ 0.19; R 2 pred ¼ 0.12; P ¼ 0.002) included EVI2 and NDVI (Table 3-4) . WIMS-based algorithms, which are currently commonly used in fire planning and management, were poor predictors of in situ fuel moisture measurements and underperformed compared with MODIS-based models. NFDRS predictions of LFM had slightly weaker relationships with in situ measurements (R 2 ¼ 0.37; R 2 pred ¼ 0.33; P , 0.001; Fig. 4 ) than MODIS-derived predictions ( (Table 4) .
Hybrid models were often stronger predictors of in situ fuel moisture than either MODIS or WIMS models alone (Table 3- All models presented above are generalised across all study sites, but in some cases, a site-specific model yielded stronger relationships for predicting in situ fuel moisture. When a site factor was added to the best MODIS-based model (16-day composite vegetation index), additional variability was explained by the model (R 2 ¼ 0.61; R 2 pred ¼ 0.59; P , 0.001). Similarly, adding a site factor to the NFDRS model for LFM prediction modestly improved model fit (R 2 ¼ 0.42; R 2 pred ¼ 0.39; P , 0.001). Dead fuel moisture models were not improved by the inclusion of a site factor.
Discussion
Overall, these results demonstrate that MODIS-based vegetation indices are better predictors of in situ fuel moisture content than commonly used WIMS-based models for non-native Megathyrsus maximus-dominated tropical grasslands. These results support similar work in shrubland, forest and heathlands in Australia (Caccamo et al. 2012) , where MODIS data better predicted LFM (R 2 ¼ 0.69) than KBDI predictors (R 2 ¼ 0.15). Strong relationships were also shown between remotely sensed vegetation indices and LFM in several Mediterranean vegetation types (0.72 , R 2 , 0.82) (Chuvieco et al. 2002) and across vegetation types in the Coastal Plains of Georgia, USA (r ¼ 0.57-0.96) (Hao and Qu 2007) . Although the relationships for tropical grasslands were weaker than those found for other vegetation types, they showed significant improvement over the other existing, and commonly used models (i.e. NFDRS and KBDI). A possible explanation for a weaker relationship in our study system is that there is a large amount of standing dead biomass in guinea grass stands, particularly during drier months (Ellsworth et al. 2013) . High dead fuel biomass makes moisture content and, thus reflectance signatures, over an area represented by one pixel quite variable, as described by Danson and Bowyer (2004) .
Dead fuel moisture content in non-native M. maximus tropical grasslands was not well predicted by any of the models tested, though still an improvement over NFDRS and KBDI models. We hypothesised that vegetation indices would be stronger predictors of live than dead fuel moisture, but expected a better model fit than observed for dead fuel moisture as both live and dead fuel moistures change seasonally with precipitation events (Ellsworth et al. 2013) . Although several previous studies have evaluated various remotely sensed greennessbased data products for their ability to predict live (Danson and Bowyer 2004; Hao and Qu 2007; Caccamo et al. 2012) and total fuel moisture content (Chuvieco et al. 2002) , few have looked at the relationships with dead fuels alone (Nieto et al. 2010) . In tropical grassland ecosystems, dead fuels can make up well over half of the total fine fuel loads (Kauffman et al. 1998; Ellsworth et al. 2013) , and play a predominant role in driving fire occurrence and behaviour. Despite this limitation of using MODIS-derived products to accurately predict dead fuel moisture content in these systems, our results show that the commonly used WIMS-based prediction systems (NFDRS, KBDI) do an even poorer job of predicting dead fuel moisture content.
An additional advantage of MODIS-based predictions is the continuous spatial coverage provided by satellite data. The RAWS network has weather stations throughout the USA, providing frequent points from which WIMS-based models can be extrapolated (http://www.raws.dri.edu/, accessed June 2016). However, fires commonly occur in remote areas, and there are large regions with no RAWS coverage. In addition, areas with steep topography are challenging because important weather variables such as precipitation and relative humidity change rapidly with topographic position (Giambelluca et al. 2013) , making accurate moisture prediction limited to fairly small areas near RAWS towers. Further, sensors on weather towers are often inoperable or have not been calibrated recently and, thus, inaccurate data are an issue that requires a thorough quality assurance protocol. In the present study, for example, of all WIMS data points corresponding to in situ fuel moisture measurements, only 62% could be used due to sensor or data transmission failure.
Although MODIS-based models had stronger relationships with fuel moisture than WIMS-based models, the best predictive model for LFM included components of both systems. The problems associated with the WIMS measurements (proximity to RAWS station, data quality) discussed above, however, should be carefully evaluated before using these hybrid models to predict fuel moistures. The slight advantage of using the hybrid model (R 2 pred ¼ 0.41) over the MODIS-based model (R 2 pred ¼ 0.40) is likely not enough to warrant the additional effort associated with assuring good WIMS data. Dead fuel moisture was best predicted using a model based on MODIS data alone, though this still resulted in weak predictive relationships. We expect that the high number of points where actual dead fuel moisture was underpredicted by the MODIS data is due to the imagery having little capability to reveal differences in brown (dead) vegetation in areas where there was little or no live cover in the overstorey.
Issues with spatial continuity should also be considered before developing a site-specific model for fuel moisture prediction. In this study, there was improved predictive capability (i.e. R 2 pred ¼ 0.59 vs R 2 pred ¼ 0.40) of some models when a site term was included, but owing to the rapid change in topography, and thus climate, in many areas, site-specific models should be used only with extreme caution outside the area where in situ fuel moisture measurements were taken and the models were developed.
It was expected that there would be an improved predictive capability with higher temporal resolution. Our hypothesis that 8-day composite MODIS data would be the better predictor of fuel moisture, however, was not supported by our data. Instead, the best MODIS-only predictive models for both live and dead fuel moisture were based on the 16-day composite data. We expect that this result is a function of improved accuracy of each pixel value in the composite images (e.g. more cloud-free pixels) outweighing the benefits of better temporal resolution of changes in vegetation phenology. This finding provides an unexpected additional benefit for fire managers, as the 16-day composites indices are preprocessed, easily accessed and freely downloadable from the internet, and require less processing and calculation effort.
We hypothesised that EVI would be the strongest predictor of fuel moisture because previous work has shown it to perform well in areas of high biomass (Huete et al. 2002) , which was only partially supported by our data. The best overall model (hybrid) for LFM prediction incorporated 8-day composite EVI data, but the best MODIS-only models utilised NDVI and EVI2 vegetation indices.
In summary, this study evaluated the utility of MODIS-based vegetation indices to accurately predict fuel moisture content. Our results demonstrate that fuel moisture predictions based on MODIS-based indices offer significant improvements over current methods used for fuel moisture estimation in tropical grasslands, facilitating improved fire management and prescribed fire planning in guinea grass-dominated ecosystems in the tropics. Because similar methodologies have been found to be strong predictors of fuel moisture elsewhere (Chuvieco et al. 2002; Hao and Qu 2007) , and because M. maximus and similar grasslands are common throughout the tropics and subtropics, we expect that the models presented here will have applicability in many similar tropical grasslands. Additional work elucidating site-specific relationships between MODIS products and fuel moisture offers the potential to improve these relationships for specific areas where fire management is a priority.
